Abstract

23
This article introduces a methodological approach for analysing time series data from multiple sensors in order 24 to estimate home occupancy. The approach combines the Dempster-Shafer theory, which allows the fusion of . The problem with using relative humidity is that it is a function of the air temperature, where 85 a temperature decrease in a building due to thermostat setbacks for example, will result in an increase in the 86 relative humidity because colder air is able to hold less moisture (Lawrence 2010) ; therefore without 87 considering the effect of temperature, the cause of a change in relative humidity will not be clear. 
The intuition behind this assumption is that the state at time captures enough of history of the process in 207 order to reasonably predict the future output.
209
The likelihood of a given series of emissions given a series of system states is then given by: 
215
The elements in the transition matrix assume classical statistical probabilities. However, the emissions model, 216 ( ), is assumed to be described by a model based on the Dempster-Shafer theory of belief (Ramasso and   217 Denoeux 2014). This is a formal framework for reasoning that is able to take into account uncertain 218 information (Shafer 1976 ). The model is described in the next section (2.3.2).
220
A Dempster-Shafer Based Emission Model
221
The Dempster-Shafer theory is a mathematical theory (Shafer 1976 
Where is the number of states the system can be in, which in this analysis is two. In other words ( ) is the 358 sum of the for occupied and unoccupied states of the system. If it is assumed that the 359 probability of the system being an given state is uniform and the probability of the system being in 360 either state is equal, then the probability can be assumed to take a constant value of 0.5. The probability 361 density distribution of the system being in either state, ( ), is for each time window, , the sum of 362 occupied and unoccupied likelihoods, which is known. We therefore have:
365
Because the state of the system is jointly exhaustive: 
373
(2) the hot water tap being turned on and off. This was determined using heat meter data, but could equally 374 be determined using low cost thermistors on the hot water supply pipes; (3) electrical appliances being turned 
386
The distributions during occupied and unoccupied periods were then found using the described procedure. A 387 useful measure of the how the two distributions differ can be given by:
Where ( ) and ( ) are the two probability density distributions. When ( ) and ( ) do not overlap and 389 are totally distinct, would tend to one, whereas two identical distributions would result in an of zero. 
394
In order to select the most distinctive features, was found. 
418
The estimated distributions were used within the HMM to find estimates for the combined probability density 
423
The described methodology was used to determine the occupancy profile for the trial period, with equal weight
424
given to all the feature vectors in the Dempster-Shafer fusion. The simulation was run to determine occupancy 425 during intervals between the hours of 8am and 11pm, when the occupant was likely to be awake and active.
426
Environmental sensors were not installed in the bedroom and electricity usage is generally low during the night, 
445
In addition in the profile in Figure 6 
451
The occupant was asked to recall patterns of occupancy during the last two weeks in May (Table 2) . Although 
472
The HETUS dataset was used to find the mean profile for a household which had a young child between the 473 ages of 1-3, as described by Laarhoven, which is representative of the household that generated the data used in 474 this analysis. The associated profile is given in Figure 7 
491
Thirdly, combining typical occupancy patterns of individual households with their consumption data over a 492 defined community, allows the identification of households that have the greatest potential to participate in, and 493 make a significant contribution to overall community demand response. These households can then be targeted.
494
Finally, by installing additional technology, it is also possible to remotely actuate loads and achieve load 495 shifting without the need for the occupant to take action. This actuated demand response can be enhanced by 496 knowledge of occupancy patterns, which provides constraints on periods when user comfort must be 497 maintained. It also allows loads to be actuated to bring occupant benefits, e.g. switching selected loads off to 498 avoid wasting energy and increasing end-users bills when the occupant is not at home. These benefits of 499 occupancy to DR will now be further explored.
501
Providing relevant, personalised and timely information to participants
502
The monitoring of occupancy patterns in a home provides useful information on user behaviour and lifestyle.
503
This will directly and indirectly affect the possibility and willingness of people to respond to information that 504 encourages them to move load to a different time of day. On a basic level occupancy sensing provides 505 information concerning the household routines of the occupant, allowing regular patterns of when they are in,
506
leave, out and return to be identified. With enough data, patterns could be identified over different time scales 507 from individual days of the week, through to monthly and even seasonal patterns of behaviour. Occupancy 508 patterns could also be linked with other data, such as temperature and weather, to improve accuracy when using 509 past patterns to anticipate future occupancy. Knowing patterns of when people are likely to be in and out of their 510 home allows only relevant information, which occupants could conceivably respond to, to be communicated. As 511 a concrete example, if a person normally arrived back from work at 6pm in the evening on a particular day, a 512 mobile message could be sent to them a short while before this habitual event informing them of a DR 513 opportunity, in anticipation of when they return home. On the other hand, if on another day they normally work 514 away from home so that the house is unoccupied, it would allow the prevention of irrelevant communications 515 that could annoy the user. Another way of seeing this is that, occupancy sensing could inform not only the time,
516
but the way opportunities are communicated. For example, a graphical communication interface, while displaying other data, might highlight and give special emphasis to DR possibilities that the occupant is most 518 likely be able to respond to, so that at a quick glance they are brought to their attention. Furthermore, the 519 instantaneous feedback of whether a home is occupied or not, despite what the prediction was, is also very 520 valuable and can be used to inform occupants of immediate opportunities that are now available, while they are 521 at home (even if this is not their typical pattern of occupancy).
523
Occupancy sensing data can be combined with other relevant information to provide a richer understanding of 524 occupancy behaviour and allow the relevant tailoring of information. A simple example of this would be 525 combining it with statistics concerning the occupants response to information sent at different times over an 526 extended period, which would allow informed targeting of opportunities they are more likely to be responded to.
527
For instance, this type of analysis might reveal that an occupant tends to respond to DR opportunities in the 528 evenings between 6-8pm, but very rarely in the mornings. An understanding of behavioural response patterns is 529 both beneficial to the occupant, who can take advantage of offered incentives, as well as to the party looking to 530 reliably achieve a shift in peak demand at a specific time of day.
532
Another example is combining occupancy behaviour with consumption behaviour at different times of day, in 533 order to make a first assessment of how feasible it is for someone to participate in DR and shift loads, within 534 their existing schedule. For effective DR, one important factor that should be considered is the degree to which 535 both the occupancy and load are elastic with respect to one another. In other words, how easy it is to change 536 occupancy in order to shift a load, or how flexible the loads are, such that when present in the building, the 537 occupant can take advantage of DR opportunities to the greatest effect. In the following, an example of an 538 approach combining occupancy with consumption behaviour to assess this elasticity is suggested, demonstrating 539 the benefit of fusing occupancy information with other data.
540
541 Figure 8 shows a bubble plot of the relationship between occupancy and power consumption at different times 542 of day: on the abscissa is the mean occupancy over the specified time period and on the ordinate is the mean 543 power consumption averaged over the same period. The occupancy prediction and power consumption for the 544 candidate household in this study is averaged over an extended period, in this case the last two weeks of May.
545
The size of the bubble indicates the standard deviation in each parameter. In this example the analysis has been 546 done with a three hour time period; however this can be altered as required. The graph suggests the time of day 547 during which a household would most likely be able to respond to a demand response event. In the case of this suggests that, if informed in advance, this might be a time during which the household in this study might be 558 able to contribute to load shifting without significantly altering their behaviour. In contrast, the time period 559 15:00-18:00 shows a low mean and greater spread in the occupancy. This means there is much less certainty that 560 the residents will be in the house at this time, and therefore there is a lower probability that they will be able to 561 respond to a DR opportunity. Furthermore, it appears that when they are in the house at this time their power use 562 is relatively low. This is unlikely to be the best time of day to request an occupant to shift a load. It is important
563
to emphasis that this is not definitive, a large financial incentive might indeed cause an occupant to shift load 564 into this time period, but, what is being argued is that a greater degree of demand response is most likely if it fits
565
in with an occupants existing patterns of energy use and their daily routines.
567
Following on from this, the possibility of demand response (PDR) could be defined as follows:
570
Where ´ is the mean power used by the occupant during a predefined period averaged over N days of data.
571
is the standard deviation in the power. ´ is the mean occupancy during this period, averaged over a N 572 days. is the standard deviation in the occupancy. is a social factor that takes a value of between 0 to 1 and 573 quantifies the willingness of a person to respond, which in this study is considered to take a value of unity, as we 
579
load is used regularly, at the same time, this will result in only a small standard deviation, implying that it will 580 require a more dramatic change in occupant behaviour in order to participate. The mean occupancy gives an 581 indication of whether the person is likely to be at home and so able to response. Somebody who is almost 582 always at home during a given period will be more able to respond than someone who is rarely at home. Finally,
583
the denominator takes into account that the greater the degree of variation in the occupancy, the greater the 584 uncertainty there is at any given moment in this time period whether there will be an occupant at home and able
585
to respond. It can be argued that this reduces the likelihood of demand response. PDR has been calculated for 586 each of the time periods in the bubble plot (Figure 8 ) and the results are given in home (without heat storage), using the thermal envelope and mass of the building to store energy. The goal was 619 the reduction of peak loads during winter periods by controlling a house with electrical space heating equipment 620 without the installation of additional heat storage equipment. The study suggested a 'pre-heat' strategy was an 621 effective approach; using 'envelope thermal storage during off peak hours and setback during peak hours'.
622
Although there is a small increase in overall energy consumption using the pre-heat approach, by reducing peak 623 load and increasing the use of renewables, an overall reduction in GHG emissions is achievable.
625
Occupancy sensing is essential for this type of demand response so that the home is not heated unnecessarily, 626 which could be costly over a significant period of time, whilst making the most of available opportunities, and 627 maintaining occupant comfort. Figure 10 gives a suggested strategy of how occupancy sensing could benefit 628 the heating control of a home of this type and allow it to participate in demand response.
630
The application of occupancy profiles will greatly enhance the applicability of DR initiatives. However, it does 
644
and occupations that influence the energy demand in a building for both heating and electricity. In this study a 645 methodology was developed that enables individual household occupancy patterns to be determined using 646 ubiquitous household sensors. The method is an evidence based approach that is able to cope with missing data.
647
The method makes it simple to add additional evidence from other sensors, which could provide richer 648 information on occupant interactions within the home. Importantly, the method required only a minimum 649 amount of prior information on the household since it is self-learning and does not require ground truth data to 650 be collected for every house. As a result the methodology can be more readily scaled. The analysis was applied 
659
with more ground truth data, to confirm its validity.
661
Real time occupancy sensing in the context of DR has been discussed and its benefit both to for user-initiated 662 and actuated load shifting has been suggested. A simple metric, the possibility of DR (PDR), was introduced as 663 a means to assess how possible a behavioural response from a given household is. This needs to be applied 664 across a larger dataset in order to assess its usefulness in predicting, across a community, which homes are most 665 likely to be able to participate, and make a contribution to shifting loads to period of peak local renewable
666
generation. This could potentially lead to a simple way through which data from smart meters could be used to 667 assess which homes could most benefit from a dynamic tariff as an incentive to shift energy demand. Indeed,
668
occupancy sensing has been shown to provide contextual information that potentially enables demand response 669 programs to be more effective. The approach could be used to assist in the transition towards more active energy 670 citizens, as envisaged by the smart grid. 
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Information Known about Occupant Behaviour during May
For the first week of May the House was sublet During the second week, the house was empty except someone occasionally coming in. All of the family were living in the house during the third and forth weeks in May
The family consists of a young couple with a toddler. The house was empty for a period on the afternoon of Tuesday 26 th May.
The house was empty for a period on the Morning of Friday 29 th May, leaving the house just before 9am.
The washing machine is rarely put on timer 840 841 
